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A B S T R A C T
Previous studies have reported the effects of absolute pitch (AP) and musical proﬁciency on the functioning of
speciﬁc brain regions or distinct subnetworks, but they provided an incomplete account of the effects of AP and
musical proﬁciency on whole-brain networks. In this study, we used EEG to estimate source-space whole-brain
functional connectivity in a large sample comprising AP musicians (n ¼ 46), relative pitch (RP) musicians (n ¼
45), and Non-musicians (n ¼ 34) during resting state, naturalistic music listening, and audiobook listening. First,
we assessed the global network density of the participants’ functional networks in these conditions. As revealed
by cluster-based permutation testing, AP musicians showed a decreased mean degree compared to Non-musicians
whereas RP musicians showed an intermediate mean degree not statistically different from Non-musicians or AP-
musicians. This effect was present during naturalistic music and audiobook listening, but, crucially, not during
resting state. Second, we identiﬁed the subnetworks that drove group differences in global network density using
the network-based statistic approach. We found that AP musicians showed decreased functional connectivity
between major hubs of the default mode network during both music and audiobook listening compared to Non-
musicians. Third, we assessed group differences in global network topology while controlling for network density.
We did not ﬁnd evidence for group differences in the clustering coefﬁcient and characteristic path length. Taken
together, we found ﬁrst evidence of diminished whole-brain functional networks in AP musicians during the
perception of naturalistic auditory stimuli. These differences might reﬂect a complex interplay between AP ability,
musical proﬁciency, music processing, and auditory processing per se.
1. Introduction
The previous decades of neuroscience have been remarkably inﬂu-
enced by the realization that “the brain is more than an assemblage of
autonomous modules […]” (Sacks, 2010, p. 53). While distinct brain
regions show some degree of functional specialization and might be
sufﬁcient to control basic functions necessary for survival (e.g., heart
rate, breathing), it is striking how higher cognitive functions such as
memory, attention, and intelligence result from interactions of multiple
brain regions in large-scale networks (Bressler and Menon, 2010; Langer
et al., 2012; Mesulam, 1990; Sporns et al., 2004). The human brain is
nowadays conceived of as a complex network which is characterized by a
robust and highly efﬁcient information transfer between its constituent
elements (Bullmore and Sporns, 2012, 2009; Park and Friston, 2013).
Given that a variety of cognitive functions are controlled by large-
scale brain networks, the study of musicians with absolute pitch (AP) –
the ability to identify a musical pitch without an external reference
(Deutsch, 2013; Levitin and Rogers, 2005) –might be especially suited to
study the neural underpinnings of the human brain network: During
music production, musicians have to exert virtually every human
cognitive function (Münte et al., 2002; Zatorre, 2005). This might cause
increased functional connectivity within and between auditory and
sensorimotor networks (Klein et al., 2016; Krishnan et al., 2018; Pal-
omar-García et al., 2017; Zatorre et al., 2007). In addition, musicians
with AP use cognitive functions and their underlying functional networks
enabling them to effortlessly name and produce musical pitches.
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It has been suggested that reﬁned pitch categorization is a key
property of AP (Zatorre, 2003). This perceptual advantage presumably
relies on functional and structural alterations in the auditory cortex of AP
musicians (Brauchli et al., 2019; Keenan et al., 2001; Lüders et al., 2004;
McKetton et al., 2019; Ohnishi et al., 2001; Schlaug et al., 1995; Schulze
et al., 2009; Wengenroth et al., 2014). Consistent with this notion, some
EEG/MEG studies investigating event-related potential/event-related
ﬁeld correlates of AP have found differences in the amplitude and sources
of early components presumably evoked by auditory cortex activation
(Burkhard et al., 2019; Hirata et al., 1999; Hirose et al., 2004; Wen-
genroth et al., 2014; Wu et al., 2008).
Equal or better performance of AP musicians compared to relative
pitch (RP) musicians in tasks requiring auditory working memory is
accompanied by less activation in inferior frontal, middle frontal, and
parietal brain regions (Leipold et al., 2019a; Schulze et al., 2009). In a
similar vein, several EEG studies on AP have found reduced amplitudes in
later event-related potential components associated with cognitive pro-
cesses (Bischoff Renninger et al., 2003; Crummer et al., 1994; Hantz
et al., 1992; Itoh et al., 2005; Klein et al., 1984; Leipold et al., 2019c,
2019b; Wayman et al., 1992). This could indicate that AP musicians use
less (or different) neural resources or that they use the same resources
more efﬁciently (Leipold et al., 2019a). They might also use different
strategies not present in RP musicians, such as associative memory
mechanisms. These mechanisms could be sustained by the dorsolateral
prefrontal cortex (Bermudez and Zatorre, 2005; Zatorre et al., 1998).
Building on these ﬁndings, an AP-speciﬁc functional network has
been reported, characterized by increased connectivity in the vicinity of
the auditory cortex (J€ancke et al., 2012; Kim and Kn€osche, 2017; Loui
et al., 2012), but also by increased connectivity within parietal and
frontal brain regions (Brauchli et al., 2019). Taken together, both musical
proﬁciency and AP ability have observable effects on large-scale func-
tional brain networks.
To date, most studies have reported musician-speciﬁc alterations
regarding the function of distinct brain regions or functional sub-
networks. To the best of our knowledge, only two studies have investi-
gated the effects of AP and musical proﬁciency on whole-brain networks
so far: Investigating structural covariance networks based on anatomical
similarities, J€ancke et al. (2012) reported decreased whole-brain con-
nectivity in AP musicians, compared to both RP musicians and
Non-musicians. RPmusicians and Non-musicians did not differ from each
other. It follows that AP – but not musical proﬁciency – has diminishing
effects on whole-brain functional connectivity. Given that structural
covariance networks reﬂect interactions in functional networks (Evans,
2013), the ﬁndings by J€ancke et al. (2012) contrast with the results of
Loui et al. (2012), the second study investigating whole-brain connec-
tivity, which reported increased functional connectivity in AP musicians
compared to RP musicians.
In this study, we aimed to resolve the contradictory accounts of
J€ancke et al. (2012) and Loui et al. (2012) by reevaluating whole-brain
functional connectivity in AP musicians, RP musicians, and
Non-musicians. Similar to the previous studies, we used a
graph-theoretical framework to characterize the effects of AP and
musical proﬁciency on the whole-brain functional network. As it is an
open question whether the effects of AP and musical proﬁciency are
prevalent during resting state (Klein et al., 2016; Loui et al., 2012; Pal-
omar-García et al., 2017), or if they are evident only during auditory
perception (Krishnan et al., 2018), we studied resting state and two
naturalistic listening conditions, namely music and audiobook listening.
We used naturalistic auditory stimuli in an ecological setting without a
speciﬁc task because it has been repeatedly shown that the human brain
processes stimuli in ecological settings differently than in conventional
controlled settings (Hasson et al., 2004; Silbert et al., 2014). To further
increase the ecological validity of our study, whole-brain functional
networks were reconstructed from source-space EEG data, because this
allows for a comfortable listening experience without interference by
acoustic noise.
Our analyses were conducted in three steps: First, we assessed global
network density during music listening, audiobook listening, and resting
state by calculating the mean degree of the whole-brain network as a
representative measure for the overall connectedness of the network. We
extended the aforementioned studies by implementing cluster-based
permutation testing (Drakesmith et al., 2015; Maris and Oostenveld,
2007; Nichols and Holmes, 2002). This technique which does not require
the (arbitrary) choice of a speciﬁc threshold but uses a wide range of
thresholds to evaluate group differences in network characteristics. For
this ﬁrst analysis, we used absolute thresholding based on functional
connectivity values. Second, we analyzed which particular subnetworks
might have driven global differences in functional connectivity between
the groups. Third, we characterized group differences in global network
topology during acoustic stimulation and resting state by calculating the
clustering coefﬁcient as a measure of network separation and characteristic
path length as a measure of network integration. We again employed
cluster-based permutation testing to avoid an arbitrary threshold choice.
Here, we used proportional thresholding to assess the whole-brain
network topology independent of the network density.
2. Methods
2.1. Participants
In recent years, studies in neuroscience have repeatedly been criti-
cized for analyzing data from small samples (Button et al., 2013; Nord
et al., 2017; Szucs and Ioannidis, 2017). Small samples not only reduce
the probability of detecting an effect should a true effect exist, but also
decrease the probability that a signiﬁcant ﬁnding reﬂects a true effect
(Button et al., 2013). Consequently, we analyzed a relatively large sam-
ple comprising 46 AP musicians, 45 RP musicians and 34 Non-musicians.
All musicians were recruited from local conservatories and orchestras
and were professionals, music students, or highly trained amateurs.
Assignment to the groups of AP or RP musicians was based on self-report
and could therefore not be attributed to an arbitrary cut-off in
pitch-naming scores. Many of the musicians participated in other EEG
and fMRI studies of our research group (Brauchli et al., 2019; Burkhard
et al., 2019; Greber et al., 2018; Leipold et al., 2019a, 2019c, 2019b). In
the current study, we excluded seven participants because of unsatis-
factory data quality or missing EEG data. In addition to the data from
musicians, we collected data from Non-musicians without musical
training to further investigate effects of musical proﬁciency on
whole-brain functional networks. The participants of the three groups
were matched for age, sex, handedness, and cognitive capability (see
Table 1).
The musician groups were also matched for musical training in terms
of their age of commencement and the total of hours played during their
lifetime (training effort). The musical aptitude of participants was
quantiﬁed using the “Advanced Measures of Music Audiation” (AMMA)
(Gordon, 1989). In this test, participants decided whether 30 successively
presented pairs of short piano melodies were equivalent, different with
respect to tonality, or different with respect to rhythmicity. Pitch-naming
ability was evaluated using an online adaptation of an in-house test
(Oechslin et al., 2010). Participants had to correctly name a total of 108
pure tones ranging from C3 to B5 (tuning: A4 ¼ 440 Hz). Each tone was
presented three times for 500ms in a pseudo-randomized order, in which
the same tone was never presented successively. Tones were preceded
and followed by 2 s of Brownian noise. Pitch-naming scores were
calculated as the percentage of correctly named tones without counting
octave errors (Deutsch, 2013).
2.2. EEG recording, experimental procedure and data preprocessing
EEG data was continuously recorded using a 128-channel HydroCel
Geodesic Sensor Net, a Net Amps 400 ampliﬁer, and Net Station Acqui-
sition software (Version 5.2.0.2) manufactured by Electrical Geodesic,
C. Brauchli et al. NeuroImage xxx (xxxx) xxx
2
Inc. (EGI; Eugene, Oregon, USA). The data was collected at a sampling
rate of 1,000 Hz with Cz as an online reference. Electrode impedance was
kept below 25 kΩ by using a potassium-chloride solution. During EEG
recording, participants sat comfortably in a chair in a dimly lit sound-
shielded Faraday cage while they rested with their eyes open (EO),
listened to excerpts from classical orchestral pieces, and to excerpts from
audiobooks played on external speakers. The participants had no speciﬁc
task but were instructed to ﬁxate a white cross on a black background
throughout EO resting-state measurement and acoustic stimulation. As it
has been shown that concurrent tasks change both the listening experi-
ence and its EEG correlates (e.g., J€ancke et al., 2018), we explicitly did
not use a particular task to keep the listening condition as natural as
possible.
Our main objective was to identify the neural underpinnings of nat-
ural music listening in the three participant groups. The musical stimuli
were previously used in other publications of our research group and are
known to evoke the emotion fear (Gustav Holst:Mars - The Bringer of War
from The Planets), sadness (Samuel Barber: Adagio for Strings), and joy
(Ludwig van Beethoven: Symphony No. 6) (Baumgartner et al., 2006b,
2006a). The audiobook excerpts were taken as a control condition for the
musical stimuli as we wanted to ensure that the effects of music listening
were not due to emotional processing evoked by the music, but due to the
acoustic stimulation in general. Thus, the audiobooks were chosen ac-
cording to their potential to evoke the emotion fear (Steven King: It),
sadness (Nicholas Sparks: The Choice), and joy (Der kleine Nils). The
audiobook excerpts were presented in German in which all participants
were ﬂuent.
The auditory stimuli had a duration of 3 min each and were presented
in a pseudo-randomized order after 3 min of EO resting-state measure-
ment. The pseudo-randomization followed the rule that auditory stimuli
of the same kind were always presented successively, i.e. in music or
audiobook blocks. The order of blocks and the order of auditory stimuli
within these blocks were randomized. Immediately after the presentation
of an auditory stimulus, the participants were required to rate their
perceived emotional valence and arousal using the self-assessment
manikin (SAM; with nine levels: -4 – þ4 [valence] and 0–8 [arousal])
(Bradley and Lang, 1994). Participants were also asked to identify the
emotion inherent to the auditory stimulus in a single choice format with
the options anger, joy, fear, disgust, and sadness. The whole procedure
lasted for approximately 30 min.
The EEG data was preprocessed in BrainVision Analyzer (Version 2.0,
Brain Products, Gilching, Germany). After the exclusion of twenty outer
electrodes prone to muscle artifacts, a band-pass ﬁlter with a high-/low-
pass criterion of 0.5/60 Hz (inﬁnite impulse ﬁlter, Butterworth, 48 dB/
oct) and a notch ﬁlter of 50 Hz were applied. Eye movement artifacts
(blinks and saccades) were then removed using independent component
analysis (Jung et al., 2000), and remaining bad electrodes were inter-
polated by spherical splines. Next, the data was re-referenced to the
average of all remaining electrodes before EEG segments containing re-
sidual artifacts were automatically rejected. Based on the onset of EEG
artifacts in single electrodes, adjacent EEG epochs (200 ms toþ200ms)
were rejected from all electrodes by applying the following criteria: a
minimal/maximal allowed absolute amplitude difference of 0.5/120 μV
within a time window of 200 ms and minimal/maximal amplitudes of
120/þ120 μV. Based on the number of remaining (clean) EEG seg-
ments, data from auditory stimuli evoking joy (Symphony No. 6 and Der
Kleine Nils) was excluded from further analyses due to insufﬁcient data
quality during the presentation of the audiobook (which could have been
caused by laughing and associated muscle artifacts). Lastly, the data was
segmented according to the length of the stimuli and further split into
epochs of 2 s. These epochs were exported for the graph-theoretical
analysis of functional connectivity in the source space (see below).
2.3. Computation of functional connectivity in the source space
The sLORETA toolbox (V20160611) (http://www.uzh.ch/keyinst/l
oreta.htm) (Pascual-Marqui, 2002) was used for the computation of the
whole-brain source-space functional connectivity (Lai et al., 2018;
Schoffelen and Gross, 2009). Because both lower and higher EEG fre-
quency bands have been related to auditory processing and memory
functions (Bastiaansen et al., 2010; Edagawa and Kawasaki, 2017; Kli-
mesch, 1997; Klimesch et al., 1994; Mai et al., 2016; Pesonen et al., 2006;
Yordanova et al., 1998), functional connectivity was evaluated in three
EEG frequency bands of interest: theta (4-7 Hz), alpha (8-12 Hz), and
beta (13-30 Hz).
The whole-brain network comprised of 84 nodes used in previous
publications of our research group (e.g., Klein et al., 2016). These nodes
were deﬁned using a single centroid voxel of each Brodmann area (BAs)
as implemented in the sLORETA toolbox (42 BAs in each hemisphere).
The functional connectivity between these nodes was quantiﬁed using
phase synchronization which is deﬁned as “the absolute value of the
complex valued (hermitian) coherency between the normalized Fourier
transforms” (Pascual-Marqui, 2007, p. 10), and takes a value between
0 (no synchronization) and 1 (perfect synchronization).
Please note that there exists currently no gold standard in the ﬁeld
concerning the use of a speciﬁc EEG source estimation algorithm, a
particular functional connectivity measure, or a combination of these two
elements. In contrast, a wide variety of EEG (and MEG) source estimation
algorithms have been developed (Michel et al., 2004; e.g., Pascual--
Marqui et al., 2009) and an even greater number of EEG/MEG functional
connectivity measures (e.g., Sch€olvinck et al., 2013; Wendling et al.,
2009). The here-employed (s)LORETA is a well-established algorithm
that has been repeatedly validated (Grech et al., 2008; Grova et al., 2006;
Wagner et al., 2003) and is also implemented in other popular EEG/MEG
software packages apart from the sLORETA toolbox (Gramfort et al.,
2014; Tadel et al., 2011). We used the connectivity measure of phase
synchronization as it has been suggested that phase synchronization
represents a fundamental mechanism for the integration of neuronal
signals from distinct brain regions (Varela et al., 2001) and plays a major
role in a diverse range of sensory and cognitive processes (Fell and
Axmacher, 2011; Sauseng and Klimesch, 2008). Furthermore, the
particular combination of (s)LORETA and phase synchronization has
been successfully employed in a number of previous studies comparing
functional connectivity between different groups (e.g., Mulert et al.,
Table 1
Group demographics.
Measure AP Musicians
Mean (SD)
RP Musicians
Mean (SD)
Non-
Musicians
Mean (SD)
P-
value1
Age
(years)
26.09
(4.87)
24.84
(4.23)
24.29
(3.42)
.15
Sex Ratio
(female/all)
0.50 (–) 0.47 (–) 0.51 (–) –
Handedness Ratio
(right/[right þ left þ
ambidextrous])
0.89 (–) 0.89 (–) 0.85 (–) –
Cognitive Capabilitya 123.26
(31.14)
134.63
(26.89)
125.91
(28.47)
.16
AoCb
(years)
5.74 (2.14) 6.40 (2.47) – .18
Training Effortc
(hours played)
16,952
(12,626)
13,153
(9,327)
– .11
AMMA Total Score d 65.98
(6.39)
62.69
(6.90)
54.06
(7.91)
<.001
Pitch-Naming Score
(percent correct)
77.01
(20.49)
22.08
(18.18)
6.59 (4.47) <.001
1 P-value based on one-way ANOVA or t-tests (as applicable).
a Kurztest für allgemeine Basisgr€ossen der Informationsverarbeitung (KAI) –
total scores according to Lehrl et al. (1991).
b Age of commencement of musical training.
c Training effort measured as total of hours played during lifetime.
d
”Advanced Measures of Music Audiation” (AMMA) according to Gordon
(1989).
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2011; Ramyead et al., 2015).
Phase synchronization was computed separately for the EO resting
state and each auditory stimulus based on the cross-spectra between EEG
epochs before aggregating and averaging by block. As described above,
auditory stimuli evoking joy were excluded. This resulted in 84 x 84
square connectivity matrices representing whole-brain networks,
wherein a single cell contained the individual participants’ phase syn-
chronization in a given frequency band between two nodes during EO
resting state, music listening, or audiobook listening. Exemplary differ-
ence connectivity matrices between Non-musicians, RP musicians, and
AP musicians are shown in Fig. 1.
2.4. Graph-theoretical analysis of source-space connectivity
2.4.1. Global analysis of network density using absolute thresholding
We compared the density of the whole-brain networks of the three
groups across different thresholds using the global graph-theoretical
measure of mean degree. For this, the participants’ connectivity
matrices were analyzed using custom MATLAB code and functions of the
Brain Connectivity Toolbox (V20170115) (http://www.brain-connect
ivity-toolbox.net) (Rubinov and Sporns, 2010). For each participant in
each block and frequency band, the connectivity matrices were abso-
lutely thresholded over a wide range of phase synchronization values
from 0.1 to 0.9 in increments of 0.05. Subsequently, the mean degree of
each thresholded matrix was computed as the average number of con-
nections of every node to all connected other nodes in the network. This
procedure yielded 17 mean degree values for each participant in each
block and frequency, which was equivalent to the number of employed
phase synchronization thresholds (0.1–0.9).
Group differences in mean degree across the 17 contiguous phase
synchronization thresholds were examined separately per block (EO
resting state, music block, audiobook block) and frequency band (theta,
alpha, beta). Conventional parametric statistical tests are not well-suited
to assess group differences in graph-theoretical measures across a high
number of thresholds since the values across different thresholds are
highly dependent (J€ancke et al., 2012; Langer et al., 2013). Group dif-
ferences in graph-theoretical measures have hence been evaluated at a
single threshold in previous studies (Loui et al., 2012). The choice of the
threshold in such an analysis, however, is arbitrary and the analysis
yields no information about the stability of the effect across multiple
thresholds. Consequently, we used (nonparametric) cluster-based per-
mutation testing, commonly employed for the evaluation of spatially or
temporally dependent fMRI/EEG data (Maris and Oostenveld, 2007;
Nichols and Holmes, 2002), to assess the statistical signiﬁcance of group
differences in mean degree and to correct for the family-wise error (FWE)
that arises from multiple testing across different thresholds (Drakesmith
et al., 2015; Langer et al., 2013).
In cluster-based permutation testing, the probability of clusteredmean
degree differences (i.e. differences across multiple contiguous phase
synchronization thresholds) was estimated under the null distribution of
no group differences. This null distribution was built by randomly
permuting group labels and therefore removing group information. In
detail, empirical mean degree differences at separate phase synchroni-
zation thresholds were ﬁrst calculated using a one-way ANOVA with a
single between-participant factor Group (AP musicians, RP musicians,
Non-musicians) in R (V3.3.1; https://www.r-project.org/). Next, group
labels were permuted in 5,000 iterations before calculating random
group differences in mean degree for each permutation at each phase
synchronization threshold using an identical ANOVA. Importantly, sta-
tistical dependency across contiguous phase synchronization thresholds
was preserved in permutations; i.e. for a given permutation iteration, the
random assignment of group labels was identical for all phase synchro-
nization thresholds. Next, contiguous phase synchronization thresholds
with P-values lower than 0.05 were combined to clusters. Note that in
this case, the P-value is used as a descriptive cluster-deﬁning threshold
and not for inference. The cluster size in the empirical data served as the
test statistic k. The null distribution of cluster sizes was estimated by
storing the maximal cluster size of each permutation. Finally, the P-value
of the empirical cluster was calculated as the proportion of cluster sizes
under the null distribution that were larger than k. Because cluster-based
permutation testing as employed here does not control the FWE-rate
across frequency bands, the signiﬁcance level was set to α ¼ 0.05/3 ¼
0.017.
Follow-up analyses were conducted to compare the mean degree of
each pair of groups (AP vs. RP musicians, AP vs. Non-musicians, RP vs.
Non-Musicians) in the blocks and frequency bands where statistically
signiﬁcant group differences in mean degree were identiﬁed. Here, we
used an identical procedure as described above with the exception that
the cluster-based permutation testing included a Welch test instead of a
one-way ANOVA. As we conducted three post-hoc comparisons, we
adjusted the signiﬁcance level to α ¼ 0.017.
2.4.2. Local analysis of subnetworks driving network density
To better characterize which nodes and connections might have
driven global group differences in network density, we identiﬁed group
differences in subnetworks using the network-based statistic (NBS)
approach (Zalesky et al., 2010) as implemented in the NBS toolbox
(V1.2) (https://sites.google.com/site/bctnet/comparison/nbs). Analo-
gously to cluster-based approaches, NBS estimates the probability of the
size of a subnetwork showing group differences under the null distribu-
tion. Based on the results of the global analysis, we restricted the NBS
analysis to the blocks and frequency bands where we found statistically
signiﬁcant group differences in mean degree. In detail, separately per
block and frequency band, the connectivity matrices were compared
between each pair of groups using a two-sample t-test at every connec-
tion. Next, connections where t-values exceeded 3.1 were combined to
Fig. 1. Source-space functional connectivity between 84 regions of interest, derived from the beta frequency band during music listening. Difference connectivity
matrices between AP musicians (AP), RP musicians (RP), and Non-musicians (NM) are shown.
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form a subnetwork. Here, the t-value acted as a descriptive
subnetwork-deﬁning threshold. The size (extent) of the subnetwork
served as the test statistic, which was compared to the null distribution of
subnetwork sizes to obtain a P-value. This null distribution was built by
repeating the procedure 5,000 times with randomly permuted group
labels. As above, we used an adjusted signiﬁcance level of α ¼ 0.017 for
the number of pairwise comparisons. Statistically signiﬁcant sub-
networks were visualized using BrainNet Viewer (version 1.63) (https:
//www.nitrc.org/projects/bnv/) (Xia et al., 2013).
2.4.3. Global analysis of network topology using proportional thresholding
As the analysis of network density cannot give insights about the
topology of the whole-brain networks, we also compared the groups
regarding two graph-theoretical measures, global clustering coefﬁcient and
characteristic path length, which are informative regarding network to-
pology. For this, we used proportional thresholding which equates the
network density between participants. The clustering coefﬁcient repre-
sents a graph-theoretical measure of separation within the network. It
was based on transitivity and deﬁned as the ratio of triangles to triplets.
Characteristic path length represents a measure of network integration
and was deﬁned as the average shortest path length between all pairs of
nodes in the network (Rubinov and Sporns, 2010).
All analysis steps for comparing the twomeasures between the groups
were identical compared to the analysis of network density, except for
the thresholding. Here, we thresholded the connectivity matrices based
on the proportion of connections in the network that were retained after
thresholding. We used a wide range of proportional thresholds from 5 to
90% retained connections in increments of 5%. As above, we adjusted the
signiﬁcance level to α ¼ 0.017 to correct for the number of investigated
frequency bands.
3. Results
3.1. Pitch-naming ability and musical proﬁciency
A one-way ANOVAwas conducted to examine the effect of Group (AP
musicians, RP musicians, Non-musicians) on pitch-naming and AMMA
total scores (see Fig. 2 for a visualization). As expected, the effect of
Group on pitch-naming scores was highly signiﬁcant (F(2,122)¼ 205.71,
P < 1015, η2 ¼ 0.77). Post-hoc two-tailed Welch tests revealed that AP
musicians demonstrated substantially higher pitch-naming scores than
both RP musicians (t(88.17) ¼ 13.54, P < 1015, d ¼ 2.83) and Non-
musicians (t(50.70) ¼ 22.59, P < 1015, d ¼ 4.45). Also, RP musicians
demonstrated higher pitch-naming scores than Non-musicians (t(50.90)
¼ 5.50, P < 105, d ¼ 1.10). This suggests that some RP musicians might
have used RP-speciﬁc strategies (e.g., internal rehearsal of tones to
calculate the musical interval) to achieve relatively high pitch-naming
scores in comparison to untrained Non-musicians, as we have already
suggested in previous publications of our research group (Brauchli et al.,
2019; Leipold et al., 2019a).
Furthermore, the analyses revealed a signiﬁcant effect of Group on
AMMA total scores (F(2,122) ¼ 29.18, P < 1010). As expected, Non-
musicians performed signiﬁcantly worse than AP musicians (t(61.95)
¼ 7.22, P< 109, d¼ 1.69) and RP musicians (t(65.61)¼ 5.07, P <
105, d ¼ 1.17). AP musicians had marginally higher AMMA total
scores than RP musicians (t(88.13) ¼ 2.36, P ¼ 0.021, d ¼ 0.49). This
effect was driven by the better performance of AP musicians than RP
musicians in tonal judgements (t(87.02) ¼ 2.69, P ¼ 0.009), but not in
rhythmical judgements (t(88.90) ¼ 1.69, P ¼ 0.095). The enhanced
performance of AP musicians in tonal judgements of the AMMA test
might be explained by their exceptional pitch encoding abilities. The
groups did not differ in their musical training in terms of age of
commencement of musical training (t(86.69) ¼ 1.36, P ¼ 0.177) and
training effort (t(82.84) ¼ 1.63, P ¼ 0.106). Since most of the Non-
musicians did not report having received musical training in their life-
time, age of commencement and training effort were not statistically
evaluated for Non-musicians. All Non-musicians with some sort of
musical experience reported a training effort of less than 4,000 h over
their lifetime.
3.2. Emotional judgements of music and audiobooks
The majority of the participants correctly identiﬁed the emotion fear
after having listened to the fear evoking musical stimulus (52.46% cor-
rect) or audiobook (61.48% correct), as opposed to the guessing level of
20% (single choice format with ﬁve options, see above). In wrong
emotion judgements, fear was mostly confused with the negative emo-
tions anger (musical stimulus) or disgust (audiobook). Moreover, the
participants were highly accurate in identifying the sadness evoking
musical (88.52%) and audiobook stimulus (97.54%). In contradiction to
their high accuracy in identifying negative emotions, many participants
reported having experienced positive (valence rating > 0) emotions
during music listening (fear: 64.75%, sadness: 34.43% of participants).
This discrepancy between objectively recognized and subjectively
experienced emotional valence was less evident for audiobooks (fear:
13.93%, sadness: 2.46% of participants with positive valence ratings).
Fig. 2. Pitch-naming scores (left panel) and AMMA total scores (right panel) for AP musicians (AP), RP musicians (RP), and Non-musicians (NM). Asterisks denote
statistically signiﬁcant group differences (*p < 0.05, **p < 0.01, ***p < 0.001). AMMA ¼ Advanced Measures of Music Audiation.
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An ANOVA was conducted to examine the main effects of Group (AP
musicians, RP musicians, Non-musicians) and Block (music, audiobook)
and the interaction between Group and Block on arousal ratings. The
analysis yielded a signiﬁcant effect of Block (F(1,119) ¼ 151.51, P <
1015) with higher arousal ratings for music (mean ¼ 5.27  1.94) than
for audiobook blocks (mean ¼ 3.20  1.94). Moreover, the analysis
yielded a signiﬁcant interaction between Group and Block (F(2,119) ¼
8.65, P < 0.001). Post-hoc analyses revealed that this interaction effect
was driven by lower music block arousal ratings of Non Musicians (mean
¼ 4.42  1.72) in comparison to both AP musicians (mean ¼ 5.79 
1.76) (t(68.98) ¼ 3.99, P < 0.001) and RP musicians (mean ¼ 5.39 
2.07) (t(73.79) ¼ 2.59, P < 0.05). Arousal ratings for audiobook blocks
did not differ between groups. (Fig. 3).
3.3. Whole-brain network analyses
3.3.1. Global network density
Group differences in the mean degree of whole-brain functional
networks during resting state, music listening, and audiobook listening
were assessed using the cluster-based permutation testing procedure
described above. The analysis yielded a statistically signiﬁcant effect of
Group (AP musicians, RP musicians, Non-musicians) on the mean degree
derived from the beta frequency band exhibited during music listening
(P ¼ 0.014, FWE-corrected), with a cluster size k of 14 contiguous phase
synchronization thresholds from 0.1 to 0.75. Follow-up analyses between
each pair of groups revealed that this effect was driven by a lower mean
degree of AP musicians compared to Non-musicians (P ¼ 0.016, FWE-
corrected, k ¼ 16). We found no evidence for differences between RP
and AP musicians or between RP and Non-musicians at any phase syn-
chronization threshold (k ¼ 0) (see Fig. 4).
For the audiobook listening, the analysis further revealed a signiﬁcant
effect of Group on the mean degree derived from the beta frequency band
(P¼ 0.04, FWE-corrected, k¼ 5). Again, follow-up analyses revealed this
effect to be driven by the lower mean degree of AP musicians compared
to Non-musicians (P < 0.001, FWE-corrected, k ¼ 17). We found no
evidence for a group difference between RP and AP musicians or RP and
Non-musicians at any threshold (k ¼ 0). For the resting state block, there
was no evidence for an effect of Group on the mean degree derived from
the beta frequency band (k ¼ 0). We also found no evidence for an effect
of Group on the mean degree derived from the theta or alpha frequency
band (see Supplementary Fig. 1).
We performed post-hoc two-tailed Pearson correlations to evaluate
whether the mean degree of AP musicians, RP musicians, or Non-
musicians during music listening was related to their pitch-naming
ability, musical aptitude, or their music block arousal rating. We found
no evidence for a correlation between the mean degree during music
listening in the beta frequency band (averaged across thresholds from 0.1
to 0.75) and pitch-naming scores of AP musicians (r¼0.18, P¼ 0.228),
RP musicians (r ¼ 0.12, P ¼ 0.448), or Non-musicians (r ¼ 0.14, P ¼
0.425). Similarly, no evidence was found for a correlation between the
mean degree and AMMA total scores of AP musicians (r ¼ 0.02, P ¼
0.908), RPmusicians (r¼ 0.04, P¼ 0.799), or Non-musicians (r¼0.31,
P ¼ 0.075). Finally, the analysis yielded no evidence for a correlation
between the mean degree and music block arousal ratings of AP musi-
cians (r ¼ 0.13, P ¼ 0.384), RP musicians (r ¼ 0.16, P ¼ 0.285), or
Non-musicians (r ¼ 0.16, P ¼ 0.369).
3.3.2. Subnetworks driving differential network density
Based on the results of the network density analysis, we restricted the
NBS analysis to the beta frequency band in the music and audiobook
listening blocks. Fig. 5 visualizes the statistically signiﬁcant subnetworks
we identiﬁed in the pairwise group comparisons. For the music listening,
we found a subnetwork of lower functional connectivity in AP musicians
compared to Non-musicians (P ¼ 0.009). Descriptively, the strongest
group differences in functional connectivity were observed along the
midline between the ventromedial prefrontal cortex including the ante-
rior cingulate cortex (ACC) and the posterior cingulate cortex (PCC)/
precuneus, and between the PCC/precuneus and middle temporal re-
gions. Nodes with weaker connections included superior temporal,
lateral frontal, and early visual regions (see Fig. 5, left panel). A strikingly
similar network was identiﬁed in the comparison of AP musicians and
Non-musicians for the audiobook listening (P ¼ 0.017). Again, the
descriptively strongest differences were found for connections between
ventromedial prefrontal cortex and PCC/precuneus, and between PCC/
precuneus and middle temporal regions.
A third subnetwork showed lower functional connectivity in RP
musicians compared to Non-musicians during music listening, which was
descriptively similar to the previously described networks (see Fig. 5,
middle panel). However, this network was smaller in size and did not
survive the adjustment of the signiﬁcance level for multiple comparisons
(P ¼ 0.019). This corresponds well with the network density analysis,
where we found descriptive, but not statistically signiﬁcant differences
between RP and Non-musicians. We did not identify differential sub-
networks between AP and RP musicians during music and audiobook
Fig. 3. Upper panel: Mean emotional arousal ratings for audiobooks and music,
averaged over the three groups. Lower panels: Perceived emotional arousal in
AP musicians (AP), RP musicians (RP), and Non-musicians (NM) when listening
to audiobooks (left) or music (right). Asterisks denote statistically signiﬁcant
differences (*p < 0.05, **p < 0.01, ***p < 0.001).
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listening, and also not between RP and Non-musicians during audiobook
listening.
3.3.3. Global network topology
Group differences in clustering coefﬁcient and characteristic path
length were evaluated using cluster-based permutation testing across a
wide range of proportional thresholds. As shown in Fig. 6 (upper panels),
we found no evidence for an effect of group on the clustering coefﬁcient
derived from the beta frequency band during music listening (P ¼ 0.08,
FWE-corrected, k ¼ 3) or during audiobook listening (k ¼ 0). We also
detected no evidence for group differences in clustering coefﬁcient
during acoustic stimulation in the theta and alpha frequency bands (see
Supplementary Fig. 2). For resting state, we found no evidence for group
differences in all frequency bands.
Furthermore, as shown in Fig. 6 (lower panels), we found no evidence
for an effect of group on characteristic path length in the beta frequency
band during music or audiobook listening (both k¼ 0). We also found no
evidence for group differences in characteristic path length in the theta or
alpha frequency bands (see Supplementary Fig. 3). Again, we found no
evidence for an effect of group on characteristic path length during
resting state in all frequency bands. Please note that the signiﬁcance level
for all these analyses was adjusted to α¼ 0.017 to correct for the number
Fig. 4. The mean degree of AP musicians (AP), RP musicians (RP), and Non-musicians (NM) derived from the beta frequency band during music listening and during
audiobook listening. For music listening (left panel), cluster-based permutation testing revealed a group effect across a broad range of connectivity thresholds (P ¼
0.014, FWE-corrected, gray-shaded area). This effect was driven by decreased mean degree of AP musicians compared to Non-musicians. For audiobook listening
(right panel), the analysis revealed an equivalent group effect for a descriptively smaller range of connectivity thresholds (P ¼ 0.04, FWE-corrected, gray-shaded area).
Again, this effect was driven by a lower mean degree in AP compared to Non-musicians.
Fig. 5. Subnetworks identiﬁed by NBS showing group differences in functional connectivity derived from the beta frequency band during acoustic stimulation. Left
panel: Increased functional connectivity in Non-musicians (NM) compared to AP-musicians (AP) during music listening (P ¼ 0.009, FWE-corrected). Middle panel:
Increased functional connectivity in Non-musicians compared to RP musicians (RP) during music listening (P ¼ 0.019, FWE-corrected). This subnetwork did not
survive the additional adjustment of the signiﬁcance level for multiple pairwise group comparisons (α ¼ 0.017). Right panel: Increased functional connectivity in Non-
musicians compared to AP musicians during audiobook listening (P ¼ 0.017, FWE-corrected). The color of the connections represents the absolute group difference in
beta frequency band phase synchronization.
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of tested frequency bands.
4. Discussion
Previous studies have mainly explored the effects of AP and musical
proﬁciency on the function of distinct brain regions or distinct functional
subnetworks (Brauchli et al., 2019; Kim and Kn€osche, 2017; Klein et al.,
2016; Loui et al., 2011; Luo et al., 2014, 2012; Palomar-García et al.,
2017; Zamorano et al., 2017). These studies have provided incomplete
insights into the effects of AP and musical proﬁciency on a global level of
whole-brain networks. In addition, it is an open question if similar effects
of AP and musical proﬁciency are observable during resting state and
music listening (Klein et al., 2016; Krishnan et al., 2018; Loui et al.,
2012). Using graph-theoretical analyses of network density and topology
combined with cluster-based permutation testing, we assessed effects of
AP and musical proﬁciency on whole-brain functional connectivity dur-
ing resting state, music listening, and audiobook listening.
The analysis of network density revealed an effect of group on the
mean degree of functional networks derived from the beta frequency
band during both music and audiobook listening, but not during resting
state. This effect was descriptively more extensive during music listening
than during audiobook listening. Follow-up analyses showed that group
differences in network density during auditory perception were driven by
a decreased mean degree in AP musicians compared to Non-musicians,
whereas for RP musicians, an intermediate mean degree not statisti-
cally different from Non-musicians or AP musicians was observed. The
subsequent NBS analysis to identify subnetworks which could underlie
the global differences in network density revealed the strongest group
differences in functional connectivity between the ventromedial pre-
frontal cortex, the PCC/precuneus, and middle temporal brain regions.
Consistent with the reduced mean degree, AP musicians showed lower
functional connectivity between these brain regions than Non-musicians
during music and audiobook listening. Finally, an analysis of network
topology did not reveal evidence for group differences in clustering co-
efﬁcient and characteristic path length during acoustic stimulation or
resting state.
Taken together, for the ﬁrst time, we ﬁnd evidence for diminished
whole-brain functional connectivity in AP musicians, consistent with
Fig. 6. Clustering coefﬁcient and characteristic path length derived from the beta frequency band during music listening and during audiobook listening. We found no
evidence for group differences between AP musicians (AP), RP musicians (RP), and Non-Musicians (NM) during music or audiobook listening. The proportional
threshold values represent the proportion of the strongest connections that are preserved after thresholding.
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previously reported globally diminished structural covariance networks
of AP musicians (J€ancke et al., 2012). Extending the ﬁndings of J€ancke
et al. (2012), our results suggest that decreased whole-brain connectivity
in AP musicians is not only a correlate of their AP ability. More likely, the
diminishing effects were mediated through mechanisms related to AP
ability, musical proﬁciency, music processing, and auditory processing
per se.
One such mechanism might have operated through the interaction
between AP ability and the special role of pitch in music. Pitch consti-
tutes a primary perceptual dimension of music (Krumhansl, 2000; Plack
et al., 2005) and varies far more subtly in music than in speech, where it
is used for the purpose of intonation (Zatorre et al., 2002; Zatorre and
Baum, 2012). Superior pitch chroma categorization in AP musicians
might thus have the largest effect during music listening, which may
explain the largest difference in network density during this condition.
The intermediate network density of RP musicians suggests an in-
ﬂuence of musical proﬁciency and might relate to the musicians’ beneﬁts
in auditory cognitive functions such as auditory memory (Pallesen et al.,
2010; Zuk et al., 2014), auditory-motor integration (Baumann et al.,
2007; Zatorre et al., 2007), and syntactic processing (Fitzroy and
Sanders, 2013; Jentschke and Koelsch, 2009). Notably, these functions
are relevant for both music and speech processing (Besson et al., 2011;
Hickok et al., 2003; Patel, 2007, 2003), and they have been related to the
beta frequency band (Bastiaansen et al., 2010; Edagawa and Kawasaki,
2017; Mai et al., 2016; Pesonen et al., 2006). Diminished beta coupling
during music and audiobook listening but not during resting state might
thus indicate a form of neural efﬁciency in musicians when such cogni-
tive functions are stimulated (Leipold et al., 2019a). Although we did not
ﬁnd evidence for group differences in functional networks derived from
the alpha and theta frequency bands, this does not mean that these EEG
frequencies have no relevance for auditory sensory and cognitive func-
tions. For example, oscillations in the alpha frequency band have been
associated with music perception, imagery, and syntax (Ruiz et al., 2009;
Schaefer et al., 2011), and the theta frequency band has previously been
associated with auditory working memory (Albouy et al., 2017), and
with AP and RP processing (Leipold et al., 2019b).
When considering the subnetworks underlying the globally dimin-
ished network density in AP musicians (see Fig. 5), it is noticeable that
the major hubs lie medially in prefrontal and parietal regions, and in the
medial temporal lobe. These brain regions have been considered as
belonging to a large-scale brain network known as the default mode
network (Greicius et al., 2003; Raichle, 2015; Raichle et al., 2001). The
default mode network encompasses a speciﬁc set of brain regions that
decrease in activation during a variety of cognitively demanding tasks
(Shulman et al., 1997). Functional connectivity between default mode
regions is highest during resting state but it is also present in sensory
conditions with low attentional demands (Greicius et al., 2003; Greicius
and Menon, 2004), such as the music and audiobook listening conditions
used in the current study. In fact, it has been shown that functional
connectivity in the default mode network is highly similar during music
listening and resting state (Kay et al., 2012). The default mode network is
usually reconstructed based on functional imaging data but it is also
detectable using EEG/MEG (Brookes et al., 2011; Jann et al., 2009).
The lower functional connectivity within the default mode network in
AP compared to Non-musicians during acoustic stimulation could be
related to a higher cognitive engagement of the AP musicians during the
(passive) perception of the acoustic stimuli. This would be consistent
with the enhanced auditory cognitive functioning in musicians discussed
in the previous paragraphs. Furthermore, we found a very similar sub-
network showing lower functional connectivity in RP compared to Non-
musicians during music listening. This again points towards combined
inﬂuences of AP and musical proﬁciency (see Fig. 5, middle panel).
However, group differences in this subnetwork were more subtle as they
did not survive the adjustment of the signiﬁcance level for multiple
pairwise group comparisons.
Apart from (auditory) cognitive processing, it might be that
emotional processes had an impact on the functional networks: Group
differences in functional connectivity in the beta frequency band seemed
remarkably well paralleled by the groups’ emotional response to music,
which was generally more intense compared to audiobooks. Higher
emotional intensity might be attributed to the increased potential of
music to evoke complex emotions, as it is shown by the discrepancy
between recognized and subjectively experienced emotional valence.
This phenomenon is best described by paradox and ergo complex emo-
tions like a “beautiful sadness” or an “invigorating fear” and it might have
affected the participants’ functional connectivity during music listening.
However, emotional processing is more strongly associated with lower
frequencies of the human EEG, especially the alpha frequency band
(Baumgartner et al., 2006a; Harmon-Jones et al., 2010), in which no
group differences in functional connectivity were found. Moreover,
group differences were also present during audiobook listening for which
participants reported a comparable degree of emotional arousal. We
therefore propose the previously discussed cognitive processes during
auditory perception as the most likely correlate of the AP musicians’
decreased whole-brain connectivity although inﬂuences of emotion are
also conceivable. The lack of evidence for correlations between the AP
musicians’ functional connectivity and their pitch-naming ability as well
as their musical aptitude indicates a complex brain-cognition relation-
ship rather than a single driving mechanism.
The results of this study stand in contrast to a previous report of
enhanced whole-brain functional connectivity in AP musicians by Loui
et al. (2012). The authors found both increased network density (as
quantiﬁed by degree and connection strength) and network topology (as
quantiﬁed by clustering coefﬁcient and local efﬁciency). This divergence
might be caused by methodological differences between the studies.
First, in the previous study, correlation matrices were averaged across
participants to obtain a mean functional network for AP musicians and
RP musicians. Whole-brain functional connectivity group differences
were then assessed in a statistical model with the AP and RP networks’
individual nodes as observations. Such an approach deﬁnes its statistical
power through network size (number of nodes) rather than by sample
size (number of participants). Because it does not consider between--
participant variance, it is not suited for statistical inference beyond the
studied sample. In this study, we analyzed group differences based on the
individual participants’ whole-brain connectivity matrices using the in-
dividual participants as observations. Our approach allows for inference
about the underlying populations from which our participants were
drawn (Penny and Holmes, 2003). Second, the measures of network to-
pology (clustering coefﬁcient and local efﬁciency) assessed in the pre-
vious study were analyzed based on connectivity matrices that were
absolutely thresholded (using a single connectivity value). As network
density inﬂuences the measures of network topology used in the previous
study, this approach does not allow for a differentiation between density
and topology (Van Wijk et al., 2010). In this study, we separately
analyzed network density using absolute thresholds and network topol-
ogy using proportional thresholds (and thus controlling for network
density) to disentangle these two aspects of the whole-brain functional
network. However, the issue of absolute versus proportional thresholding
in studies comparing groups is not yet resolved (Hallquist and Hillary,
2019; van den Heuvel et al., 2017).
Our ﬁndings should be interpreted within this study’s limitations.
First, because of the correlative nature of the study, we cannot determine
if the observed group differences are consequences of AP and musical
proﬁciency or causes that contribute to AP and musical proﬁciency.
Especially regarding AP, there is an ongoing discussion about the origins
of the phenomenon, which seem to be inﬂuenced by both genetic and
environmental factors (Baharloo et al., 2000, 1998; Deutsch, 2002;
Deutsch et al., 2009, 2006; 2004; Gregersen et al., 2013, 2001; 1999;
Henthorn and Deutsch, 2007; Miyazaki et al., 2018; Proﬁta and Bidder,
1988; Theusch et al., 2009; Theusch and Gitschier, 2011; Zatorre, 2003).
Second, we used EEG source estimation to reconstruct the whole-
brain functional networks allowing us to study functional networks in
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an ecologically valid setting. However, the source-space functional con-
nectivity approach has an inherently limited spatial resolution, it can be
affected by localization errors, and it depends strongly on the type and
the particular parameters of the employed source estimation algorithm
and the speciﬁc functional connectivity measure (Cho et al., 2015;
Hincapie et al., 2017; Mahjoory et al., 2017; Sch€olvinck et al., 2013;
Wendling et al., 2009). Speciﬁcally, we reconstructed source-space
functional connectivity based on the established sLORETA source local-
ization algorithm in combination with phase synchronization as a mea-
sure of functional connectivity. However, there are several other source
estimation algorithms/functional connectivity measure-combinations.
For example, previous studies have combined (and evaluated) beam-
forming with measures of amplitude envelope correlations, particularly
on MEG data (Brookes et al., 2014; Colclough et al., 2016; O’Neill et al.,
2017), whereas other studies used minimum norm estimation combined
with phase synchronization measures (Hassan et al., 2014; Kabbara et al.,
2017). As described above, a gold standard concerning these methods has
yet to be established and the methods are still being evaluated.
Finally, source-based functional connectivity analyses suffer from the
source leakage problem: Voxels located closely together in space can
show spurious “connectivity” because of their non-independence. This in
turn is caused by volume conduction (in EEG) and the coarse spatial
resolution of the source estimation (Palva and Palva, 2012; Schoffelen
and Gross, 2009). In this study, we tried to mitigate the effects of source
leakage by using only the centroid voxel of each region of interest, which
separates the individual regions in space. Furthermore, source leakage
likely affects participants from all groups, so by contrasting the different
groups, the leakage effects might cancel out to some extent. An additional
action against source leakage, which we did not implement in this study,
is the use of functional connectivity measures that exclude zero-lag in-
teractions. However, it is not yet clear to what extent these interactions
are artifactual or biological in nature, and even when usingmeasures that
exclude the zero-lag component, spurious interactions can still occur
(Palva et al., 2018).
In conclusion, we found evidence for globally diminished functional
networks in AP musicians during auditory perception and especially
during music listening. The inﬂuence of cognitive and emotional mech-
anisms on the AP musicians’ functional networks requires more careful
examination in future studies speciﬁcally designed to investigate these
mechanisms.
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